ABSTRACT Motivation: Prediction methods are of great importance for membrane proteins as experimental information is harder to obtain than for globular proteins. As more membrane protein structures are solved it is clear that topology information only provides a simplified picture of a membrane protein.
INTRODUCTION
Integral a-helical membrane proteins constitute an important subset of the proteins encoded by a genome, comprising 20-25% of the proteome (Krogh et al., 2001; Granseth et al., 2005a) . These proteins are crucial for many cellular processes including signaling and transport processes. They are also the target for the majority of all drugs, making them important for the pharmacological industry . For several experimental reasons it is more difficult to obtain the structures of transmembrane proteins than those of globular proteins and a consequence of this is that less than 1% of the 3D-structures in the Protein Data Bank are from transmembrane proteins (Berman et al., 2000) . Nevertheless it has recently been noted that the number of experimentally known 3D-structures has an exponential increase (White, 2004) . Still, for many membrane proteins only "low-resolution" topology information about the structure is known, i.e. what parts of the sequence are transmembrane regions and the orientation of the protein relative to the membrane.
Partly due to the lack of three-dimensional information of membrane proteins many topology predictors have been developed for a-helical transmembrane (TM) proteins. The first only relied on the fact that TM helices are on average more hydrophobic than the loop regions and globular proteins and classified each segment that was sufficiently long and hydrophobic as a TM helix (von Heijne, 1992) . Although these simple methods worked surprisingly well, many regions were wrongly classified. A significant improvement was obtained when hidden Markov models (HMMTOP (Tusnády and Simon, 1998) , TMHMM (Sonnhammer et al., 1998) ) were used to extract the features of different regions in TM proteins. Several recent benchmarks have shown that the state of the art methods perform quite well Käll and Sonnhammer, 2002) , predicting the correct topology for close to 70% of the membrane proteins.
For a long time the general view was that membrane proteins in principle existed in a two-dimensional space, with the TM helices perpendicularly penetrating the membrane (Taylor et al., 1994) . However, recent analysis of membrane protein structures shows that membrane proteins certainly not can be seen as constrained in two dimensions (Granseth et al., 2005b) . Instead it is clear that many membrane proteins have a similar amount of structural complexity as globular proteins. This can be illustrated by the structure of the glutamate transporter homolog from Pyrococcus horikoshii (Yernool et al., 2004) , Figure 1a . The structure does not only have ordinary TM helices but also two helices that are not helical throughout the entire membrane, one of them contains a helix inside the lipid bilayer that is parallel to the membrane plane. This can also be seen in the corresponding Z-coordinate (the distance to the center of the membrane for each residue) located around residue number 140 in Figure 1b . The structure also contains two re-entrant helices, where a helix only goes half-way through the membrane, and then turns back again to the same side it originated from. These two reentrant helices meet each other in the middle of the membrane, a feature that also can be observed in aquaporin-like structures (Tornroth-Horsefield et al., 2006) .
Here, we introduce a novel challenge for structure prediction of membrane proteins: the prediction of the Z-coordinate, i.e. the distance for a residue to the center of the membrane. Even though the traditional way of depicting membrane protein topology is useful, it is advantageous to also have a measure that is based on a more "physical" property such as the Z-coordinate. The problem should not only be seen as an intermediate approach towards complete 3D-structure prediction, but also be of potential interest for the identification of interesting structural features important for drugbinding and/or function of membrane proteins. One such example is locating good N-glycosylation sites for experimental topology determination since efficient N-glycosylation requires that the acceptor site is sufficiently spaced from the membrane surface (Popov et al., 1997) .
We have developed a number of methods based on earlier topology predictors to predict the Z-coordinate. We show that methods using either hidden Markov models (HMM) or artificial neural networks (ANN) are able to predict the Z-coordinate in the 5-25Å region with an average error of $3Å while methods that combine both HMMs and ANNs can decrease the average error to 2.55Å . As expected, the use of evolutionary information also provides improvement of the predictions. We show that these predictors can provide valuable additional information complementary to the predictions from traditional topology modeling methods.
RESULTS AND DISCUSSION
Topology prediction of membrane proteins has been a valuable tool for classification of membrane proteins, for genomic studies and as an aid for remote homology detection (Hedman et al., 2002) . However, given the observation that membrane protein structures are complex, the structural information obtained from topology predictions might be limited. In contrast, the Z-coordinates of the amino acids in the structure implicitly contain information about re-entrant helices, interfacial helices, the tilt of a TM helix and how much a loop protrudes from the membrane.
A significant difference between our Z-coordinate predictor and a topology predictor is that the former only predicts the distance from the center of the membrane and not the direction of this distance, i.e. we do not distinguish between the cytosolic ("inside") and extracellular ("outside") sides of the membrane. This somehow simplifies the problem but is possible since the membrane to a large degree is symmetric. A further simplification used in this study is that all residues that are between 0-5Å are defined to be in a central hydrophobic region and hence set to 5Å . All residues that are outside the lipid bilayer, >25Å are in a similar manner defined to be in a non-membrane environment and set to 25Å . This means that the predictor focuses the predictions on the region where the environment inside the membrane changes most (White and Wimley, 1999) . Using a larger region for the prediction (0-30Å instead of 5-25Å ) decreased the overall prediction accuracy as well as the accuracy in the 5-25Å region. We also made attempts at using a non-symmetric definition of the membrane, i.e. predicting the À25 to +25Å region, but the prediction accuracy that was obtained for this problem was very low.
Below, we will first describe a set of predictors based on ANNs and/or HMMs that all predict the Z-coordinate and thereafter we exemplify the usefulness with the prediction of the glutamate receptor homolog shown in Figure 1 .
Prediction accuracy
To be able to assess the quality of the predictions three measures of accuracy are introduced, the average error, the fraction of residues with an error smaller than 3Å and ZQ2, i.e. the fraction of residues correctly predicted to be inside ( 15Å ) or outside (!15Å ) the membrane. The ZQ2 resembles Q2 which is often used for benchmarking topology prediction methods. Although these three measures are strongly correlated they provide slightly different types of information as can be seen below.
Prediction of the Z-coordinates using HMM-based methods The standard TMHMM-2.0 model (Krogh et al., 2001 ) predicts the Z-coordinate with an average error of 3.17Å , Table 1 . Interestingly, the average error did not decrease if evolutionary profiles were used as in PRO-TMHMM, however the amount of residues within 3Å from the target Z-coordinate increased slightly. This contradiction is because TMHMM-2.0 frequently uses separate state compart- ments for short and long globular loops, while PRO-TMHMM uses the same. This leads to a decrease in the Z-coordinate accuracy in the loop regions for PRO-TMHMM since it is less specific. Since PRO-TMHMM is superior to TMHMM-2.0 at topology predictions (Viklund and Elofsson, 2004) , it has more residues predicted within 3Å .
The HMM based method with best Z-coordinate accuracy is PRODIV-TMHMM with an average error of 2.83Å . It predicts 65.9% of the residues within 3Å from their target Z-coordinate and has a ZQ2 value of 86.5%. PRODIV-TMHMM differs from PRO-TMHMM by using the target profile to re-estimate the model parameters. This procedure provides a topology prediction which maximizes the divergence of the amino acid distributions in the different regions, something that has been shown to significantly improve the accuracy of topology predictions (Tusnády and Simon, 2001 ). The improved topology predictions result in improved Z-coordinate predictions.
It can be noted that the hidden Markov models have particular problems at predicting the 5-15 Å region, Figure 2 . This is largely due to the model architecture of the membrane spanning regions, which contains an intrinsic contradiction between the length variability of the membrane regions and accurate modeling of their Z-coordinates. We believe that it should be possible to improve the Z-coordinate predictions by using a more sophisticated HMM architecture.
Prediction of the Z-coordinate using artifical neural network based methods A simple neural network trained on the sequence using sparse encoding of a sequence window as input (ZPRED-SEQ) does not outperform any of the HMM based methods, Table 1 . However, it performs better than the simplest method assigning the Z-coordinate based on the average hydrophobicity alone. The output from the sequence network is very noisy, and it often mispredicts parts of 25Å regions to be below 20Å . This means that the network cannot discriminate between short hydrophobic regions in cytoplasmic or periplasmic domains and longer hydrophobic transmembrane regions. It is not until ZPRED-SEQ's window size is larger than 9 residues that it outperforms the hydrophobicity (data not shown). It is interesting to see that it is possible to predict the Z-coordinate, albeit with quite poor accuracy, by the sequence alone. This implies that it is the local environment surrounding a residue that, to a large extent, determines its depth inside the membrane.
The use of evolutionary profiles (ZPRED-PRO) improves the performance, the average error decreases $0.5Å , the residues within 3Å increase by 15.5% and the ZQ2 value improves slightly compared to ZPRED-SEQ. This improvement is quite dramatic and a notable difference is that when using the evolutionary profiles the network predicts a significant number of residues to be at 5 or 25Å which ZPRED-SEQ rarely does.
In contrast to the HMMs, the error of the ANNs is largest around 15Å and at the two extreme points, Figure 2 . The large central error is quite likely due to that it is "easier" to make a mistake in this region since you can both predict a too high and a too low number while at the end you can only make the mistakes in one direction. The increase in the errors at 5 and 25Å are most likely due to that the ANN has not converged completely and should be possible to overcome using more data and improved methods in the future.
Combinations of neural networks and hidden Markov models There are two different possibilities to combine the methods: either by using previously trained neural networks as additional input into the hidden Markov model or by using the output from a hidden Markov model as input to a neural network.
It is not obvious how to include the predicted Z-coordinate directly into the HMMs. Therefore a special version of neural networks (ZPRED-D) was trained to predict discrete regions of the Z-coordinates. These predictions were then used as an additional alphabet in the HMMs, see methods for details. The inclusion of neural network predictions into the HMMs only lead to significant improvements for TMHMM-2.0 and PRO-TMHMM but not for PRODIV-TMHMM, Table 1 . There exist two explanations for this: first, it is harder to improve PRODIV-TMHMM since its original topology prediction performance is better, and second, the parameter re-estimation step of PRODIV-TMHMM restricts the possibility to make small adjustments in the prediction since each state is more optimized to emit a specific amino acid distribution corresponding to a particular sequence position. Interestingly, if the results from the discrete network predictions are included in TMHMM-2.0, the accuracy in the 5-17Å region increases, while it at the same time decreases in the 17-25Å region (data not shown).
The inclusion of the HMM information into the neural networks is straightforward as the output from the HMM can be used as an additional input. Using the output from PRODIV-TMHMM and evolutionary profiles as input to a neural network (ZPRED) produced the method of choice for predicting the Z-coordinate, see Table 1 . The average error was 2.55Å , around one half turn of a transmembrane helix, and more than two-thirds of the residues were predicted to be within 3Å from the target Z-coordinate. The accuracy in the 5-25Å region clearly increased, particularly around 10-20Å , see Figure 2 . The accuracy is also improved in the 5-6Å region due to the fact that the neural network without HMM input (ZPRED-PRO) sometimes has problems reaching 5Å , the predictions are often around 5.5-6Å instead. The same tendency could also be seen at the >25Å region. ZPRED also has a more flat distribution of the average error across the 5-25Å region than the other methods.
The glutamate transporter homolog from Pyrococcus horikoshii
To illustrate the prediction of the Z-coordinate for a complex membrane protein, we studied the prediction of the glutamate transporter homolog in more detail. Figure 3a shows all residues that are predicted to be 15Å by ZPRED. It can be noted that most helices are identified correctly, but that some regions (at the left in this figure) are misplaced. When using a standard TMHMM prediction, slightly larger areas were missed (data not shown).
As described previously, the glutamate transporter homolog contains two re-entrant regions. The predicted Z-coordinate shown in Figure 3b contains some indication that there is something peculiar happening close to the first re-entrant helix (residue 270). However, the predicted Z-coordinate is located around 10Å instead of 5Å . The second reentrant helix (at residue 350) has a Z-coordinate similar to an ordinary TM helix, i.e. it is not identified. This is most likely because it is more hydrophobic than the first one.
The fourth TM helix (at residue 140) is the odd one containing the parallel helix in the middle of the membrane. The Z-coordinate of this parallel helix is erroneously predicted to be around 15Å , when it should be between 5 and 7Å , but at least it could be possible to identify it. The complexity of this region is completely missed by the PRODIV-TMHMM prediction, which assigns the most hydrophobic region to be the TM helix. In fact, the beginning of the TM helix and the parallel middle helix have similar hydrophobicity as an ordinary loop.
Possibly the most important observation from the Z-coordinate prediction of the glutamate transporter homolog and from most other proteins is that the Z-coordinates of loop regions can be predicted quite accurately. ZPRED is able to predict the maximum protrusion of a loop to within 1Å for 50% of the loops in the dataset, and within 3Å for 78%. The loops surrounding the re-entrant regions are less accurately predicted.
Topology prediction
Finally, we wanted to estimate if the Z-coordinate predictions could be used to improve topology predictions. A simple method to obtain a topology prediction is by assuming all regions that are below a specific Z-coordinate to belong to TM helices and choosing inside/ outside loop with the positive inside rule (see methods for details). A previously used dataset of 147 experimentally verified membrane protein topologies was used here (Viklund and Elofsson, 2004) . Using this strategy ZPRED-SEQ correctly predicts the topology of 40 proteins and ZPRED-PRO 65 proteins, with the latter slightly better than TMHMM-2.0 (61). By including the prediction from PRODIV-TMHMM into ZPRED the topology is correctly predicted 95 times which is 2 fewer than the initial PRODIV-TMHMM predictions. When output from discrete network ZPRED-D was used in the PRO-TMHMM model, a modest improvement was observed (95 vs. 90) while no improvement was observed for PRODIV-TMHMM.
CONCLUSIONS
In this study we have shown that the distance to the center of the membrane can be predicted with acceptable accuracy for residues in a-helical membrane proteins. The prediction can be performed using either an artificial neural network or a hidden Markov model with roughly the same error rate. It was clear that the local environment around a residue to a large degree determines its depth inside the membrane as it was possible to predict the Z-coordinate using only hydrophobicity or local sequence information.
The best predictions were obtained using the output from a hidden Markov model as an additional input to an artificial neural network together with profile information from a sequence window. This method, ZPRED, reached an average error of 2.55Å . ZPRED also has a quite evenly distributed average error in the 5-25Å region in contrast to the other methods examined.
While introducing the field of Z-coordinate prediction it is also our hope that it will provide an interesting challenge for other developers and that more refined methods will become available as the amount of solved 3D-structures increases. We foresee several possible improvements in the future, for instance, it is clear that the model architecture of TMHMM is not ideal for the predictions of Z-coordinates. Hence, we expect that it is possible to improve HMM-based predictions by refining the model to better suit Z-coordinate prediction.
MATERIAL AND METHODS

Dataset
The dataset consisted of 101 non-homologous protein chains from 46 PDB structures obtained by X-ray diffraction (see supplementary information for full list). The biological unit PDB structures were rotated and translated as described in Tusnády et al., 2005 so that they are positioned in their most The average error is how far on average each residue deviates from its target Z-coordinate. Residues within 3s is the fraction of residues with an error smaller than 3s. The ZQ2 score is the fraction of the residues that are correctly predicted to be within 15s from the center, i.e. inside the membrane, plus the fraction correctly predicted to be outside the membrane. E.Granseth et al.
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probable localization in the lipid bilayer. The Z-coordinate is then perpendicular to the membrane plane and Z ¼ 0 is in the middle of the membrane. Some of the structures were translated a few Å along the Z-coordinate to better fit their hydrophobicity profiles. In all, 21,589 residues and their corresponding Z-coordinates were used for training and testings and hidden Markov models. In order to maximize the amount of data, we used the absolute value of the Z-coordinate from the structure and limited it so that all residues above 25 were set to 25Å and all residues between 0 and 5 were set to 5Å . This target value was used for the training and testing of the neural networks and used to benchmark the different hidden Markov models. We also tested a larger region, 0-30Å , but this seriously decreased the learning capabilities of the neural networks. When trying to predict from À25 to +25Å instead, the average error was 13Å and only 20% of the residues were predicted within 3Å of the target Z-coordinate.
147 membrane protein sequences with experimentally verified topologies were used for evaluating the topology prediction (Viklund and Elofsson, 2004) .
Hydrophobicity
The hydrophobicity was calculated using the GES scale from Engelman et al., 1986 and a running average over 19 residues. The hydrophobicity was extrapolated to the Z-coordinate by linear regression. If the extrapolated hydrophobicity was above 25 it was set to 25Å , and if below 5, set to 5Å .
Neural network training
For the sequence-only neural network (ZPRED-SEQ), the amino acids were converted to numerical values by sparse encoding. PSI-BLAST was used to generate profiles for the profile networks (ZPRED-PRO and ZPRED) (Altschul et al., 1997) . The log-odds profile from the first iteration was used and converted to values between 0 and 1 by the logistic function 1/(1 + e Àx ). The neural networks were 5-fold cross validated, where 4 sets were used for training and the fifth used for testing. All values reported are from the test set data. Netlab (Bishop, 1995) was used for constructing one hidden layer, feed-forward, back propagation networks with linear output nodes and scaled conjugate optimization as optimization algorithm.
The input for the neural networks was a symmetrical sliding window between 3 and 35 residues wide and the target Z-coordinate was for the residue in the middle of the window. Starting with 5 hidden nodes, the average error between the predicted Z-coordinate and the target Z-coordinate stopped decreasing after a window size of 19 residues. Increasing the number of hidden nodes did not increase performance, while a decrease to 4 nodes did not alter the accuracy at all, but has the advantage of decreasing the number of free variables to optimize. 3 nodes seriously decreased the performance, so the final networks used 19 residue sliding windows and 4 hidden nodes.
The learning rate was varied, but for the final networks a learning rate of 0.01 was used. The learning was stopped when the average error ceased to decrease for the test set data.
For the topology prediction of the 147 membrane proteins, the arithmetic average was used from the outputs of the final 5 cross validated networks.
6 different neural networks (ZPRED-D) were trained to mimic the timeaveraged distributions of the principal (quasi-molecular) structural groups of a dioleoylphosphocholine (DOPC) bilayer (White and Wimley, 1999) . The different regions are: CH 3 (0-5Å ), hydrocarbon core (0-15Å ), C¼C (5-15Å ), carbonyl (12-18Å ), cholin (17-25Å ) and water of hydration (20-25Å ). These particular intervals were chosen because they might have specific amino acid composition signatures. A 19 residue sliding window was used to train each of the 6 different networks with logistic output nodes and one node in the hidden layer. The target value was set to 1 in the specific regions and 0 elsewhere. The 6 different networks were 5-fold cross validated and the Mathews Correlation Coefficient (MCC) was used to measure the performance. The final 0-5Å network had MCC 0.53, 0-15Å 0.68, 5-15Å 0.43, 12-18Å 0.15, 17-25Å 0.66 and 20-25Å 0.65. The outputs from these networks were later used as input to the hidden Markov models.
HMM training
The HMM-based topology predictors TMHMM2.0 (Krogh et al., 2001) , PRO-TMHMM and PRODIV-TMHMM (Viklund and Elofsson, 2004) were adjusted to emit Z-coordinates using the following procedure.
A sequence profile was constructed for each sequence by running BLAST (Altschul et al., 1990) with an e-value cutoff of 10 À5 . The most probable state path for each sequence was attained using the geometric mean (GM) extension to the Viterbi algorithm. During this stage the sequences were provided with labels (M, i, o) to ensure the most probable path to be consistent with the correct topology. The labels were loosened by 10 states around each region border to allow the model some freedom in adjusting the position of the membrane regions. Each state was then assigned a Z-coordinate prediction of membrane proteins e195 Z-coordinate by calculating the mean value of the Z-coordinates for the residues in the dataset that were emitted in that state. When predicting Z-coordinates for a sequence, the most probable state path for that sequence is calculated using the Viterbi algorithm together with unlabeled sequences and translated into Z-coordinates using the estimated values for each state.
When evaluating the prediction performance, a strict jackknifing procedure was used, i.e. the state Z-coordinates used when evaluating the performance of a particular sequence were estimated using all sequences except the one being tested.
The six class predictions made from the ZPRED-D neural networks were encoded as a second discrete alphabet and added to the HMMs. Topology predictions are performed using the neural network outputs as a profile input vector to the HMM alongside the regular amino acid profile vector. The state emission score is calculated as the joint score of the amino acid profile and the Z-coordinate class profile:
where the first product is the GM state score for the amino acid vector (e(a i ) is the emission probability value and X(a i ) is the corresponding profile vector value) and the second product is the GM state score for the Z-coordinate class vector (e(z j ) is the emission probability value and X(z i ) is the profile vector value). The state emission parameters for the Z-coordinate classes were optimized using simulated annealing.
Topology assignment from the Z-coordinate
All residues predicted below 10Å were annotated as membrane helix. A membrane region of 10Å implies that a transmembrane helix is $13 residues, which is substantially smaller than the 20 residues needed to traverse a 30Å thick membrane bilayer. However, having a cutoff at 15Å would miss many short loops. A filter that splitted helix regions longer than 25 residues in half and removing helix regions shorter than 4 residues was also applied. The inside and outside annotation of the loop was done by calculating the number of positive charges (Arginine and Lysine) 10 residues from the helix start or end and 5 residues into the helix, i.e. the "positive inside" rule (von Heijne, 1986 (von Heijne, , 1994 . The positive charges were summed for every other loop, with the largest sum set as "inside" and the opposite side as "outside". Predictions were evaluated on the sequence level where a topology is considered correctly predicted if all membrane regions are detected with a minimum overlap of 5 residues compared to the correct topologies and the orientation of the loop regions is correct.
